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Recent research has shown that incorporating roadway safety in transportation 
planning has been considered one of the active approaches to improve safety. 
Aggregate level analysis for predicting crash frequencies had been contemplated 
to be an important step in this process. As seen from the previous studies 
various categories of predictors at macro level (census blocks, traffic analysis 
zones, census tracts, wards, counties and states) have been exhausted to find 
appropriate correlation with crashes. This study contributes to this ongoing macro 
level road safety research by investigating various trip productions and 
attractions along with roadway characteristics within traffic analysis zones (TAZs) 
of four counties in the state of Florida. Crashes occurring in one thousand three 
hundred and forty-nine TAZs in Hillsborough, Citrus, Pasco, and Hernando 
counties during the years 2005 and 2006 were examined in this study. Selected 
counties were representative from both urban and rural environments. 
 
To understand the prevalence of various trip attraction and production rates per 
TAZ the Euclidian distances between the centroid of a TAZ containing a 
particular crash and the centroid of the ZIP area containing the at fault driver’s 
home address for that particular crash was calculated. It was found that almost 
all crashes in Hernando and Citrus County for the years 2005-2006 took place in 
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about 27 miles radius centering at the at-fault drivers’ home. Also about sixty-two 
percent of crashes occurred approximately at a distance of between 2 and 10 
miles from the homes of drivers who were at fault in those crashes. These results 
gave an indication that home based trips may be more associated with crashes 
and later trip related model estimates which were found significant at 95% 
confidence level complied with this hypothesized idea.  
 
Previous aggregate level road safety studies widely addressed negative binomial 
distribution of crashes. Properties like non-negative integer counts, non-normal 
distribution, over-dispersion in the data have increased suitability of applying the 
negative binomial technique and has been selected to build crash prediction 
models in this research. 
 
Four response variables which were aggregated at TAZ-level were total number 
of crashes, severe (fatal and severe injury) crashes, total crashes during peak 
hours, and pedestrian and bicycle related crashes. For each response separate 
models were estimated using four different sets of predictors which are i) various 
trip variables, ii) total trip production and total trip attraction, iii) road 
characteristics, and iv) finally considering all predictors into the model. It was 
found that the total crash model and peak hour crash model were best estimated 
by the total trip productions and total trip attractions. On the basis of log-
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likelihoods, deviance value/degree of freedom, and Pearson Chi-square 
value/degree of freedom, the severe crash model was best fit by the trip related 
variables only and pedestrian and bicycle related crash model was best fit by the 
road related variables only. The significant trip related variables in the severe 
crash models were home-based work attractions, home-based shop attractions, 
light truck productions, heavy truck productions, and external-internal attractions. 
Only two variables- sum of roadway segment lengths with 35 mph speed limit 
and number of intersections per TAZ were found significant for pedestrian and 
bicycle related crash model developed using road characteristics only. 
 
The 1349 TAZs were grouped into three different clusters based on the quartile 
distribution of the trip generations and were termed as less-tripped, moderately-
tripped, and highly-tripped TAZs. It was hypothesized that separate models 
developed for these clusters would provide a better fit as the clustering process 
increases the homogeneity within a cluster. The cluster models were re-run using 
the significant predictors attained from the joint models and were compared with 
the previous sets of models. However, the differences in the model fits (in terms 
of Alkaike’s Information Criterion values) were not significant. 
 
This study points to different approaches when predicting crashes at the zonal 
level. This research is thought to add to the literature on macro level crash 
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modeling research by considering various trip related data into account as 
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CHAPTER ONE: INTRODUCTION 
 
 
The nature and extent of roadway crashes vary by a wide range depending on 
roadway types and facility, driver characteristics, land-use pattern and various 
other factors. A considerable amount of research has been conducted to reduce 
crash occurrence that tolls millions of lives and immeasurable human sufferings 
each year throughout the world. Since a crash is associated with a complex 
interaction of various factors, micro level crash analysis (e.g., road specific crash 
analysis, crash specific safety analysis, event specific analysis, etc.) can lead 
toward better insight about the causes of the crash. However, a transportation 
network is a conglomeration of various sets of road-traffic-environment modules 
and is featured by multi-categories of inter-dependent factors. This essentially 
imposes a challenge in the macro/aggregate analyses of crashes. Aggregate 
level considerations being vitally important in transportation planning have been 
emphasized in several macro level studies during the past few years.  
Research Motivation and Objectives 
The need for incorporating roadway safety considerations in the transportation 
planning process has been vigilant in recent road safety literature. The 
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Transportation Equity Act of 21st Century (TEA-21) and SAFETEA-LU 
(www.fhwa.dot.gov/safetealu) were positive boosts toward this process. 
Predicting safety for not-built highways is still one of the major difficulties among 
transportation professionals (Kononov and Allery, 2004). Therefore aggregate 
level crash analysis had been thought to be an important step in transportation 
planning and safety research. Macro analysis of crash prediction models have 
been tried at census block groups, traffic analysis zones (TAZs), census tracts, 
and for counties considering various demographic, socio-economic, road and 
travel characteristics (e.g., Karlaftis and Tarko, 1998; Amoros and Laumon, 
2003; Noland and Quddus, 2004; Noland and Oh, 2004; Aguero-Valverde and 
Jovanis, 2006; Wier et al., 2009). 
 
The study in this thesis was based on one thousand three hundred and forty-nine 
TAZs of four counties in the state of Florida. This study aims to investigate the 
association between crash frequencies and various types of trip productions and 
attractions in combination with the road characteristics of the TAZs. The study 
contributes to the macro level crash modeling research by taking trip related data 
into account. Previous related studies have not explicitly considered trip data as 
the explanatory covariates. To understand the prevalence of various trip 
attraction and production rates per TAZ the Euclidian distances between the 
centroid of a TAZ containing a particular crash and the centroid of the ZIP area 
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containing the at fault driver’s home address for that particular crash was 
calculated. It was interesting to find that almost sixty-two percent of crashes 
occurred approximately at a distance between two to ten miles from the homes of 
the drivers’ who were at-fault in those crashes. These results might indicate that 
home based trips may be more associated with crashes as compared to various 
other trip generations. Therefore examining the significant types of trip 
productions and attractions are required to understand this phenomenon to a 
greater depth. 
 
The main objectives of this research may be enumerated as follows. 
1. Critically review previous studies on aggregate/macro level crash analysis 
and recapitulate different groups of variables considered and various 
modeling techniques adopted in those studies. 
2. Aggregate crashes by different crash types for the traffic analysis zones 
which are considered as the base spatial unit of the study. 
3. Assemble a database with various types of trip productions and 
attractions, different roadway characteristics and previously aggregated 
different crash types per traffic analysis zone. 
4. Investigate the association between crash frequencies and various types 
of trip generations (productions and attractions) in combination with the 
roadway characteristics of the traffic analysis zones. 
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5. Cluster traffic analysis zones based on the intensity of the trip generations 
and model the association of various categories of predictors separately 
for each TAZ cluster. 
6. Compare cluster models with the joint model, and 
7. To have meaningful contribution to the macro level road safety research 
by analyzing zonal safety based on trip generation effects.                                                                                                                                  
Organization of the Thesis 
The thesis has been organized in the following format. Following the introductory 
chapter a detailed literature review has been provided in chapter two. Previous 
studies done in aggregate level crash analysis have been critically reviewed 
along with the different groups of considered regressors in the corresponding 
studies. This chapter also summarizes various modeling approaches adopted in 
macro level crash analyses. The next chapter (chapter three) describes data 
preparation steps. Aggregation of crashes by different crash types per traffic 
analysis zone and the steps undertaken in developing the final dataset were 
explained in this chapter. Chapter three also provides a list and description of 
each categories of variables considered in the study. The modeling approach of 
this study has been described in chapter four. The following chapter (chapter 
five) provides some preliminary analysis which includes estimation of weekday 
peak hours, descriptive statistics of the variables, spatial distribution of crashes, 
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estimating Euclidian distance of crash locations from the at-fault drivers’ home, 
and clustering of traffic analysis zones. Models and results from the analyses are 
presented in chapter six. This chapter provides a comprehensive discussion 
regarding the association (direction and magnitude) of different significant 
parameter estimates of different models developed in this study. The final 
chapter consists of the summary and conclusions from the research. The 
contributions from the study, limitations, and further extensions of this research 





CHAPTER TWO: REVIEW OF LITERATURE 
 
 
Macro level crash prediction models have been investigated at various spatial 
aggregations. Different categories of variables derived at different geographic 
hierarchies have been associated in predicting crash occurrences. In order to 
have a better understanding about the spatial aggregation, the geography 
hierarchy of the United States is provided in Figure 1. 
 
 





Concentrating on the highest level of geographic hierarchy Noland (2003) 
analyzed overall roadway safety at all fifty states considering various 
infrastructure and demographic variables where he found that added lane miles 
of capacity and the percent of lanes miles that are arterial roads have the highest 
effect on increased fatalities whereas increase in the average number of 
interstate lanes has the leading effect on the increased injuries. The studies 
performed by Amoros and Laumon (2003), Noland and Oh (2004), and Aguero-
Valverde and Jovanis (2006) addressed traffic safety analysis at the county-level 
aggregation of crash data. Amoros and Laumon (2003) compared traffic safety in 
several counties in France taking different road types and socio-economic 
characteristics into account. Aguero-Valverde and Jovanis (2006) investigated 
crash risk for Pennsylvania counties with respect to socio-demographics, 
weather conditions, transportation infrastructure and amount of travel. Noland 
and Oh (2004) examined association of various road network infrastructure and 
some demographic and socio-economic variables with crashes in the counties of 
Illinois. Amoros and Laumon (2003) found significant interaction between county 
and road type. Other positively associated road related significant factors in the 
above mentioned studies included road mileage and road density (Aguero-
Valverde and Jovanis, 2006) and number of lanes (Noland and Oh, 2004). 
Among the demographic variables Aguero-Valverde and Jovanis (2006) found 
that counties with a higher percentage of the population under poverty level, 
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higher percentage of their population in age groups 0-14, 15-24, and over 64 
have significantly increased crash risk. Noland and Oh (2004) commented that 
their analyses results did not change much when demographic variables were 
included, although they found these variables appear to capture the residual time 
trend associated with reductions in both fatalities and reported crashes. 
 
Although county-level crash models have been thought to be at advantage due to 
availability of various transportation and socio-economic data (Aguero-Valverde 
and Jovanis, 2006), the crash prediction studies at county level have been 
thought to suffer from the problem of spatial heterogeneity. Karlaftis and Tarko 
(1998) utilized a stratification scheme to solve this problem to some extent. They 
used clustering techniques to generate homogeneous groups with similar socio-
economic, traffic and infrastructure characteristics for the counties of Indiana. 
Their results indicated that models developed for homogeneous clusters of 
counties were efficient than the joint models. 
 
Wier et al. (2009) looked at the vehicle-pedestrian injury collisions at 176 San 
Francisco, California census tracts which are spatially disaggregated from the 
counties. The predictor variables examined in their (Wier et al., 2009) study 
included street, land use, and population characteristics and their final model was 
able to explain approximately 72% of the systematic variation of the vehicle-
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pedestrian injury collisions at the census tract level. It was evident from their 
(Wier et al., 2009) study that traffic volume was the primary cause of vehicle-
pedestrian injury collisions at the area level; additionally, employee and resident 
populations, arterial streets without public transit, proportion of people living in 
poverty, and proportion of people aged 65 and over were among the other 
statistically significant predictors. 
 
Wedagama et al. (2006) investigated the relationship between non-motorized 
road traffic casualties and land-use for two zones of approximately 8 square 
kilometers in Newcastle upon Tyne, England where they found statistically 
significant positive association between intersection density and pedestrian 
casualties for most of the cases of working and/or non-working hour casualties. 
Also they (Wedagama et al., 2006) found significant positive association between 
intersection density and bicycle casualties for adults (17 years and above) in the 
city center zone during non-working hours. 
 
Noland and Quddus (2004) analyzed ward level crash data for England using 
land use types, road characteristics and demographic data. They (Noland and 
Quddus, 2004) used proxy measures for volume of vehicle travel emphasizing on 
the requirement of exposure considerations in a crash model and their findings 
suggested that areas with high employment density had more traffic casualties, 
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urbanized more densely populated areas were associated with fewer casualties, 
and road length had positive association with serious injuries. Levine et al. (1995) 
examined the zonal relationship of motor vehicle crashes to population, 
employment and road characteristics using census block group as the unit of 
analysis. Their (Levine et al., 1995) analysis revealed that increased population 
and miles of major arterial were associated with increased number of crashes per 
census block group. 
 
The spatial error resulting from the heterogeneity of spatial aggregation 
motivated the investigation of macro-level crash analysis at relatively 
homogeneous zones. It is easily understandable that the root-level areal units of 
the census geography-hierarchical tree will have less amount of spatial 
heterogeneity. In this study the analyses were performed using Traffic Analysis 
Zones (TAZs) as the base spatial unit. TAZs are special areas delineated by 
state and/or local transportation officials for tabulating traffic-related data and are 
defined as part of the Census Transportation Planning Package 
(http://www.census.gov/geo/www/cob/tz_metadata.html). A Traffic Analysis Zone 
is a spatial aggregation of census blocks and is in part a function of population 
(Peters and MacDonald, 2004). As cited by You et al. (1997) the most important 
criteria used to define TAZs include spatial contiguity, homogeneity, 
compactness, etc. Also TAZs have commonly been considered as a basis for the 
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aggregate modeling process (Miller and Shaw, 2001). It is expected that TAZs 
are relatively more homogeneous spatial units and will minimize the 
heterogeneity problem.  
 
Hadayeghi et al. (2003) studied total and severe crashes at 463 TAZs in the city 
of Toronto as a function of socio-economic and demographic, traffic demand, and 
network data variables. They (Hadayeghi et al., 2003) developed separate 
models for total crashes and severe (fatal and nonfatal injury) crashes in which 
major roadway length, vehicle kilometers traveled, and intersection density were 
among the significant predictors. De Guevara et al. (2004) developed crash 
prediction models for 859 TAZs in Tucson, Arizona considering demographic, 
socio-economic and roadway characteristics as the predictors. Intersection 
density was found to be one of the significant predictors for fatal, injury, and 
property-damage crashes whereas percentages of different categories of roads 
were found significant only on their (De Guevara et al., 2004) injury, and 
property-damage crash models. 
 
The above mentioned studies indicate a common objective of predicting crashes 
by means of developing crash count models at macro levels using a wide range 
of predictors. However, none of the above mentioned studies included trip 
attraction or production data as explanatory variables. This study aims to 
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investigate the association of crashes per TAZ with different road characteristics 
and thirteen different purposes of trip attraction and production per TAZ. Relative 
exposure to traffic is one of the key determinants of the crash likelihood (Noland 
and Quddus, 2004). Average annual daily traffic and vehicle miles traveled or 
vehicle kilometer traveled are the commonly used measures of exposure and are 
derived consequences of trip generations. Therefore, it is thought that the 
number of trips would be the most direct measure of exposure. 
 
The study adds to the literature by examining various trip effects on the crash 
frequencies aggregated at TAZ level. Trip types are vitally important in travel 
demand modeling process. The modifications of TAZs in Texas are considered 
during each travel model update when a new base year is established (Traffic 
Data and Analysis Manual, Texas Department of Transportation). Also, travel 
demand models (TDMs) are used in Florida and around the country to forecast 
traffic volumes on highways (Florida Department of Transportation website). 
Therefore it is speculated that predicting crash frequencies using trip types will 
help in understanding safety perspectives during the transportation planning 
level. Also if TAZs are to be defined based on TDMs, this study results point to 
different approaches when predicting crashes at the zonal level. It is worthwhile 
to note that the need of incorporating roadway safety considerations in 
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transportation planning process has been emphasized in Transportation Equity 
Act of 21st Century (TEA-21) and SAFETEA-LU (see Reference for the web link). 
 
Negative Binomial (NB) models have been widely used in TAZ (Hadayeghi et al., 
2003; De Guevara et al., 2004; Hadayeghi et al., 2006), Ward (Noland and 
Quddus, 2004), County (Karlaftis and Tarko, 1998; Amoros and Laumon, 2003; 
Noland and Oh, 2004; Aguero-Valverde and Jovanis, 2006), and State (Noland, 
2003) level aggregate crash analyses. Wier et al. (2009) used both NB and 
ordinary least square regression to predict vehicle-pedestrian injury collision for 
the census tracts. Other methodologies found in the literatures include log linear 
models (Washington et al., 2006) and geographically weighted regression (GWR) 
models (Hadayeghi et al., 2003) used for TAZ analysis, spatial lag models for 
block groups (Levine et al., 1995), and more recently Bayesian hierarchical 
models for the wards (Quddus, 2008).  
 
Quddus (2008) found that in many cases the results from the non-spatial NB 
models were similar to the Bayesian hierarchical models. Also Aguero-Valverde 
and Jovanis (2006) found no evidence of spatial correlation in fatal crashes for 
the counties of Pennsylvania and their results concerning the effects of 
covariates on fatal and injury crash risk were mostly consistent in direction and 




Wide application of negative binomial regression models as found in various road 
safety literature (Hauer et al., 1988; Persaud and Dzbik, 1993; Miaou, 1994; 
Harwood et al., 2000; Hadayeghi et al., 2003; Oh et al., 2003; Noland, 2003; De 
Guevara et al., 2004; Hadayeghi et al., 2006) implies acceptable practice in 






CHAPTER THREE: DATA PREPARATION 
 
 
The study was based on data from the following four counties of the state of 
Florida- Citrus, Hernando, Pasco, and Hillsborough. These four counties 
constitute a total of one thousand three hundred and forty-nine TAZs and were 
representative from both rural and urban environments. A total of 76,486 crashes 
which occurred in the years 2005 and 2006 in these four study counties were 
used in this study. Figure 2 shows the study counties in the geographic map of 
Florida. The Geographic Information System (GIS) shape files (maps) providing 
crashes as point entities were collected from Florida Department of 
Transportation (FDOT). Each point (a crash) in the GIS shape file provided 
several attributes for the corresponding crash. The roadway characteristics were 
found from separate GIS shape files provided by FDOT. These GIS shape files 
included roadway segments as line entities. The geographic maps for the study 
counties were collected from FDOT District Seven Intermodal Systems 
Development Unit. Each map provided cartographic boundaries of the TAZs 
















Figure 3: Study Counties with Traffic Analysis Zones.  
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The base spatial unit of the study was TAZ and the following steps were taken to 
aggregate different variables at a particular TAZ level. 
 
 The spatial join tool in ArcMap 9.2 (by Environmental Systems Research 
Institute (ESRI) Inc.) was used to assign crashes to the TAZs by joining 
two GIS shape files- crash map and TAZ cartographic boundary map. It 
was made sure that both maps had similar GIS co-ordinate system. 
 The streets were similarly spatially attached to the respective TAZs. 
 The spatial join procedure allowed each point (a crash) or a line (a 
roadway segment) feature in the GIS shape files to assign the TAZ id to 
which the feature was geographically located. 
 The next step was to aggregate crash and roadway attributes at the TAZ 
level. The attributes tables were exported from ArcMap and the 
aggregation was performed using SAS statistical software (by SAS 
Institute Inc.). 
 Therefore the dataset contained all crash and roadway variables 
aggregated to a TAZ which was treated as one observation of the dataset. 
The complete list of variables are provided in Table 1. 
 
The number of trip attractions and productions per day per TAZ for thirteen 
different categories were collected from FDOT District Seven Intermodal 
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Systems Development Unit. The final dataset contained the following three main 
categories of variables- i) crash related variables, ii) variables pertaining to 
roadways, and iii) different trip attraction and production rates per TAZ. 
 
The combinations of the above mentioned categories of predictors were used to 
develop crash models for four response variables which were total number of 
crashes, total number of severe (fatal and severe injury) crashes, total number of 
crashes during the peak period of the weekdays, and total number of pedestrian 
and bicycle related crashes per TAZ.  Table 1 provides names and descriptions 
of different responses and predictors considered in the analysis. 
 
Peak periods were estimated based on the temporal variations of the aggregated 
hourly crash frequencies. Therefore, the estimated peak hours essentially 
captured the periods of the weekdays during which the highest number of 
crashes took place and their association with different trip types and road related 
covariates were of particular interest. Also, since both state and non-state road 
characteristics within a TAZ were considered in the study, pedestrian and bicycle 
related crashes were of special interest as most of these categories of crashes 




Table 1: Variable Description. 
Variable Name Definition 
TAZ2004 Traffic Analysis Zone (as per year 2004) 
FATAL Total number of fatal crashes per TAZ in years 2005-2006 
SVINJ Total number of severe injury crashes per TAZ in years 2005-2006 
INJ Total number of injury crashes per TAZ in years 2005-2006 
PDO 





Crash_freq Total number of crashes per TAZ in years 2005-2006 
Severe_crashes 
Total number of fatal and severe injury crashes per TAZ in years 
2005-2006 
Peak_crash_freq 
Total number of crashes per TAZ during peak hours in years 2005-
2006 
Ped_bike_crashes 
Total number of pedestrian and bicycle related crashes per TAZ in 
years 2005-2006 
  
Independent variables related to roadway characteristics 
  
SUM_SEG_LEN Total roadway segment length within a TAZ 
seglen15 
Total roadway segment length within a TAZ with posted speed 15 
mph 
seglen25 
Total roadway segment length within a TAZ with posted speed 25 
mph 
seglen35 
Total roadway segment length within a TAZ with posted speed 35 
mph 
seglen45 
Total roadway segment length within a TAZ with posted speed 45 
mph 
seglen55 
Total roadway segment length within a TAZ with posted speed 55 
mph 
seglen65 
Total roadway segment length within a TAZ with posted speed 65 
mph 
Intersection Total number of Intersections per TAZ 
  
Independent variables related to various trip productions and attractions 
  
HBWP Home Base Work Productions 
HBWA Home Base Work Attractions 
HBSHP Home Base Shop Productions 
HBSHA Home Base Shop Attractions 
HBSRP Home Base Social Recreational Productions 
HBSRA Home Base Social Recreational Attractions 
HBSCP Home Base School Productions 
HBSCA Home Base School Attractions 
HBOP Home Base Other Productions 
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Variable Name Definition 
HBOA Home Base Other Attractions 
NHBWP Non Home Base Work Productions 
NHBWA Non Home Base Work Attractions 
NHBOP Non Home Base Other Productions 
NHBOA Non Home Base Other Attractions 
LTRKP Light Truck Productions 
LTRKA Light Truck Attractions 
HTRKP Heavy Truck Productions 
HTRKA Heavy Truck Attractions 
TAXIP Taxi Productions 
TAXIA Taxi Attractions 
EIP External Internal Productions 
EIA External Internal Attractions 
AIRPP Airport Productions 
AIRPA Airport Attractions 
COLP College Productions 
COLA College Attractions 
TOTALP Total Productions 
TOTALA Total Attractions 
logtp Natural Log of total trip productions (TOTALP) 





CHAPTER FOUR: METHODOLOGY 
 
 
Crash frequencies are non-negative integers which are not normally distributed. 
It has been widely accepted that a Poisson or negative binomial (NB) model has 
the ability to estimate the relationships between the number of crashes and 
covariates. Crashes occurring on a particular roadway or at a particular 
intersection are assumed to be independent of each other and a certain mean 
number of crashes per unit time is characteristic of the given site and of other 
sites with the same properties (Vogt and Bared, 1998). However, the underlying 
assumption of Poisson distribution of variance equal to the mean is often violated 
in the crash count data. Most of the time crash observations have a greater 
variance than their mean and therefore the data is over-dispersed. Negative 
binomial models take into account this over-dispersion. The negative binomial 
distribution is characterized by the following mean-variance relationship of a 
practical observation Y. 
 
Var(Y) = µ + αµ2                                                                                                   (1) 
 
where, µ = E(Y) and α is the over-dispersion parameter. The presence of over-
dispersion is adjusted by the log-linear relationship between the expected 
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number of crash counts in an observation unit i, µi and the covariates Xi (Noland 
and Quddus, 2004). 
 
ln(µi) = Xi β +εi                (2) 
 
where, β is the estimated coefficient vector and ε is the random error term 
representing the effect of omitted unobserved variables. Negative binomial has 













































            (3) 
 
where, Г(.) = gamma function and α ≥ 0.  
 
Poisson regression is a limiting condition of NB regression with α = 0. The higher 
value of α indicates higher variability in the data over and above that associate 
with mean μi (Vogt and Bared, 1998). Therefore, the negative binomial allows for 
extra Poisson variation due to other variables not included in the model (Dean 




The over-dispersion of a Poisson model may be evaluated based on deviance 
and Chi-squared statistics. Deviance of a model can be defined as twice of the 
difference between the log-likelihood of the full/saturated model and log-
likelihood of the model under consideration (Equation 4). 
 
D(m) = 2 [logL(full) – logL(model)]             (4) 
 
where, D(m) = Deviance statistics 
  logL(full) = log-likelihood of the full/saturated model 
  logL(model) = log-likelihood of the model under consideration 
 
















                         (5) 
 
where, iy = observed crash count for the i-th TAZ and 
  iŷ = estimated mean crash count for the i-th TAZ 
 
Both D(m) and 2χ are approximately Chi-squared random variables with degrees 
of freedom equal to the number of observations, n, minus the number of 
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parameters, p. If the values of both D(m) and 2χ  are greatly larger than (n - p), it 
is suggested that the model is over-dispersed due to missing variables (Vogt and 










 are greater than one, over-
dispersion is indicated.  
 
It was found that NB models were more justified for the analysis of this study.  
Deviance value per degree of freedom and Pearson chi-square value per degree 
of freedom were used as measures to verify over-dispersion for the developed 





CHAPTER FIVE: PRELIMINARY ANALYSIS 
 
 
This chapter deals with the preliminary exploration of the nature and 
characteristics of the variables in the prepared final dataset (described in Chapter 
3). The preliminary analysis included determination of peak hour for the 
weekdays, generating descriptive statistics of the variables used in this study and 
infer about their properties; creating maps with respect to different responses to 
have a general understanding about the distribution of crashes in the four study 
counties namely- Hillsborough, Hernando, Citrus and Pasco; calculating the 
Euclidian distances between the centroid of a TAZ containing a particular crash 
and the centroid of the ZIP area containing the at-fault drivers’ home address for 
that particular crash to understand the prevalence of home based of trip 
productions and attractions; and clustering of the TAZs based on the intensity of 
trip generations. The following sections describe each of the above mentioned 
effort separately. 
Estimation of Weekday Peak Hours 
To estimate peak hours of the weekdays crashes which occurred during Monday 
through Friday were extracted and aggregated on an hourly basis. Among 
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76,486 total crashes that occurred in the above mentioned study counties in 
years 2005-2006, time of crash was available for about 76% (57,704). The 
crashes which took place during the weekdays were about 76% (43,946) of the 
crashes with crash-times (57,704). 
 
The temporal variations of the aggregated hourly crash frequencies on the 
weekdays are presented in Figures 4 through 7 each illustrating one of the study 
counties while Figure 8 shows the same for all four counties together.  
 
 
Figure 4: Hourly Variation of Aggregated Crash Counts in Weekdays- 



































































































































































































Figure 5: Hourly Variation of Aggregated Crash Counts in Weekdays- 
Hernando County. 
 

































































































































































































































































































































































































Figure 7: Hourly Variation of Aggregated Crash Counts in Weekdays- 
Pasco County. 
 
Figure 8: Hourly Variation of Aggregated Crash Counts in Weekdays- All 




























































































































































































































































































































































































Based on a previous study by Wang and Abdel-Aty (2008) and temporal 
locations of peaks (from visual observations), the peak hours estimates were as 
follows: 
 Morning peak hours: 7:00 am to 9:00 am and 
 Evening peak hours: 3:30 pm to 6:30 pm. 
Descriptive Statistics 
Table 2 provides the descriptive statistics of the variables considered in the 
study. All the variables were continuous in nature. Natural logarithmic 
transformation of total trip productions and total trip attractions were applied to 
minimize excessively low parameter estimates and standard errors. The four 
response variables considered in the study were total number of crashes 
(Crash_freq), total number of severe (fatal and severe injury) crashes 
(Severe_crashes), total number of crashes during the peak period of the 
weekdays (Peak_crash_freq), and total number of pedestrian and bicycle related 
crashes (Ped_bike_crashes) aggregated per traffic analysis zone. All these 
response variables were non-negative integers with variance considerably 
greater than the mean. This justifies the choice of developing negative binomial 
models. The other justifications for the suitability of negative binomial in this 




Table 2: Descriptive Statistics of the Variables Used in the Model. 




TAZ2004 1349 - - - - 
FATAL 1349 0.46 0.849 0 8 
SVINJ 1349 5.07 5.885 0 45 
INJ 1344 21.13 22.880 0 173 
PDO 1344 29.74 38.282 0 310 
Crash_freq 1349 56.20 64.048 0 481 
Severe_crashes 1349 5.52 6.278 0 47 
Peak_crash_freq 1217 13.91 14.714 1 110 
Ped_bike_crashes 1349 2.6 4.164 0 50 
SUM_SEG_LEN 1349 10.76 14.050 0 265.0006 
seglen15 1349 0.22 0.434 0 4.0633 
seglen25 1349 8.27 11.729 0 244.5958 
seglen35 1349 1.40 1.749 0 24.934 
seglen45 1349 0.11 0.422 0 6.709 
seglen55 1349 0.13 0.621 0 11.2487 
seglen65 1349 0.22 0.711 0 10.2215 
Intersection 1349 12.32 12.055 1 119 
HBWP 1349 864.44 940.174 0 8056 
HBWA 1349 852.97 1262.400 0 17788 
HBSHP 1349 889.98 929.371 0 7363 
HBSHA 1349 851.82 1402.270 0 15842 
HBSRP 1349 422.59 436.225 0 3173 
HBSRA 1349 400.12 649.275 0 8127 
HBSCP 1349 247.14 286.247 0 2965 
HBSCA 1349 246.75 684.592 0 6832 
HBOP 1349 587.35 614.641 0 4533 
HBOA 1349 556.74 795.465 0 7992 
NHBWP 1349 215.03 299.583 0 3606 
NHBWA 1349 215.03 299.583 0 3606 
NHBOP 1349 575.41 860.352 0 10144 
NHBOA 1349 575.41 860.352 0 10144 
LTRKP 1349 268.62 231.951 0 2264 
LTRKA 1349 268.62 231.951 0 2264 
HTRKP 1349 68.76 102.811 0 1591 
HTRKA 1349 68.76 102.811 0 1591 
TAXIP 1349 20.26 21.849 0 323 
TAXIA 1349 20.26 21.849 0 323 
EIP 1349 0 0 0 0 
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EIA 1349 40.21 56.448 0 647 
AIRPP 1349 12.58 34.145 0 540 
AIRPA 1349 0 0 0 0 
COLP 1349 79.64 161.303 0 3234 
COLA 1349 38.40 341.085 0 5069 
TOTALP 1349 4251.79 3720.230 0 26741 
TOTALA 1349 4135.09 5105.610 0 48033 
logtp 1330 7.86 1.274 0 10.1939534 
logta 1328 7.50 1.642 0 10.7796437 
Spatial Distribution of Crashes 
ArcGIS software was used to generate maps for each type of response variables 
for the four study counties. The darker colors in the figures indicate the traffic 
analysis zones associated with higher number of crashes (Figures 9 through 12). 
Based on visual observations it is noticed that Hillsborough County is relatively 
dominant in the total number of crashes and crashes during the peak hours per 
TAZ. Distribution of severe crashes per TAZ was, however, relatively uniform 
over the four study counties. Hillsborough, possibly having the greatest number 
of crashes among these four counties in 2005 and 2006, had relatively higher 




Figure 9: Total Crashes per TAZ for 2005 and 2006.  
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Figure 11: Peak Hour Crashes per TAZ for 2005 and 2006.  
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Estimating Euclidian Distance of Crash Locations from the At-fault Drivers’ Home 
To estimate the distance between the crash location and the at-fault drivers’ 
home centroidal locations of the aerial entities were calculated using the ArcGIS 
software. At first the centroid of the TAZ belonging to a particular crash was 
located. Then the centroid of the ZIP area in which drivers’ home is located was 
calculated using the same ArcGIS technique. The Euclidian distance between 
these two centroids provided an estimate of how far from at-fault drivers home 
the event of crash took place. The bar chart shown in Figure 13 depicts the 
percentages of crashes which took place at different miles of radii from drivers’ 
home.  
 
Figure 13: Histogram of Euclidian Distance (in Miles) between Drivers’ 



















It was found that almost all crashes in Hernando and Citrus County for year 
2005-2006 took place in about 27 miles of radius centering at at-fault drivers’ 
home. Also almost sixty-two percent of crashes occurred approximately at a 
distance between 2 and 10 miles from the homes of drivers who were at fault in 
those crashes.  
 
It is quite reasonable to assume that a person will have a high exposure close to 
his/her home and this in turn increases his/her probability to be involved in a 
crash. The excessively low percent for 1 mile radius (in Figure 13) may be 
considered as the limitation of the figure. It is thought that this error is generated 
due to several possibilities which were not considered in the study. For example, 
some TAZs in the urban core are less than 1 mile approximate radius. These 
TAZs were not filtered out in the study. Also, the approximation made 
considering the centroids instead of the actual locations of the crash itself and 
the at fault drivers’ home may generate such errors. 
 
In spite of the above mentioned problem, these results might indicate that home 
based trips may be more associated with crashes. Interestingly, trip related 
model variables which were found significant at 95% confidence level complied 
with this hypothesized idea. Several home based trip productions and attractions 
were found to be significant in the different crash models developed and 
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discussed in the following chapter. However, the investigating the relationship 
between this distance (in Figure 13) and various predictors was beyond the 




Clustering of Traffic Analysis Zones 
Since this research assesses the impact of trip generations on crash frequencies, 
the 1349 traffic analysis zones were categorized based on the intensity of trip 
generations (trip productions and attractions) forming three different clusters of 
TAZs. Each cluster was thought to have better homogeneity within itself and 
were heterogeneous among themselves from the trip generation standpoint. 
Quartile distributions were used as the basis of dividing the TAZs into groups. 
Table 3 below shows the quartiles of the total trip productions, attractions, and 
generations for the whole dataset.  
 
Table 3: Quartile Distribution of Trip Productions, Attractions, and 











Maximum 26,741 48,033 66,570 
75 % 6015 5591 11,917 
50 % 3337 2408 6543 
25 % 1511 751 2745 
Minimum 0 0 0 
1




TAZs with trip generations less than 2746 per day were defined as ‘less-tripped’ 
TAZs (Cluster-1), and ‘highly-tripped’ TAZs (Cluster-2) were termed for TAZs 
having generated trips greater than 11,917 per day. Table 4 shows the cut-points 
for defining each cluster and the number of TAZs in each group. 
 




Total Trip Generations 
No. of Observations 
in Each Cluster 
Less-tripped 
TAZs 
Cluster-1 < 2746 338 
Moderately-
tripped TAZs 
Cluster-2 > 2745 and < 11,918 674 
Highly-tripped 
TAZs 
Cluster-3 > 11,917 337 
 
Figure 4 below shows the spatial distribution of the clustered TAZs in the four 
study counties. These clusters were analyzed for four different sets of predictors. 
Furthermore the developed models were compared to the joint models (models 





Figure 14: Spatial Distribution of TAZ Clusters Based on Trip Generations 
per Day.  
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The following chapter extensively discusses the model development for each 
category of predictors. Also the chapter provides an elaborated discussion 
regarding the association (magnitude and direction) of variables and related 




CHAPTER SIX: MODELS AND RESULTS 
 
 
This chapter has been divided into two major sections. First section provides the 
modeling of the traffic analysis zones based on the entire dataset which means 
considering all the TAZs of the four study counties. And the second section 
discusses the modeling of clustered zones and comparison between cluster and 
joint models. Both sections provide separate discussions for the modeling 
results. 
Analysis of Combined Traffic Analysis Zones 
Each model was estimated separately for various trip generations (productions 
and attractions), roadway characteristics, and finally considering the combined 
effect of trip and road related variables. The response variables considered were 
as follows: total number of crashes (Model A), severe (fatal and severe injury) 
crashes (Model B), total peak hour crashes (Model C) and pedestrian and bicycle 
related crashes (Model D). Peak hours were defined as 7:00 to 9:00am and 3:30 
to 6:30pm, based on careful consideration of the trip distributions. Pedestrian and 
bicycle related crashes were screened from the crash type which was one of the 
attribute fields in the GIS crash shape files. The following subsections are the 
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results of model estimates of the four different responses developed using i) 
various trip variables, ii) total trip production and total trip attraction, iii) road 
characteristics, and iv) all variables. The variables which were statistically 
significant at the 95% confidence level were retained in the models. 
Models with Trip Generation Variables 
The estimation results of the final NB models for four different categories of 
crashes are presented in Table 5. Model A contains ten independent variables: 
HB work attractions, HB shop attractions, HB social recreational productions, HB 
school productions, HB other productions, light truck productions, heavy truck 
productions, external internal attractions, airport productions, and non-HB work 
productions; model B contains five independent variables: HB work attractions, 
HB shop attractions, light truck productions, heavy truck productions, and 
external internal attractions; model C contains nine independent variables: HB 
work attractions and productions, HB shop attractions, HB social recreational 
attractions and productions, HB other attractions and productions, external 
internal attractions, and airport productions; and model D contains eight 
independent variables: HB work attractions, HB social recreational productions, 
HB other productions, light truck productions, heavy truck productions, airport 
productions, college productions, and non-HB work productions. All these 
variables had p-value less than or equal to 0.05.  
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Models with Total Trip Production and Total Trip Attraction 
In order to capture the combined effects of various trip productions and trip 
attractions per TAZ, models were estimated with only two variables- natural 
logarithmic transformation of total trip productions and total trip attractions per 
TAZ. The transformations were applied to minimize heteroskedasticity in the 
data. Table 6 provides different model estimates and goodness of fits for the four 
models. For all models the over-dispersion parameter was significantly different 
from zero and for model D it was as high as 1.5825. Also the deviance value per 
degree of freedom and Pearson Chi-square value per degree of freedom was 
close to 1.0 (acceptable range is 0.8-1.2). 
Models with Road Related Predictors 
Table 7 presents estimates of crash models with road related predictors only. 
Model A and B retained five independent variables all at 95% confidence level 
while model C had four significant predictors at the similar confidence level. Only 
two variables- sum of roadway segment lengths with 35 mph speed limit and 
number of intersections per TAZ were found significant for model D. 
47 
 
Models with All Predictors 
Finally models were estimated considering all variables (both trip and road 
related) and presented in Table 8. Model A contained seven significant variables: 
number of intersections per TAZ, log of total trip productions, log of total trip 
attractions, length of roadway segments with 25, 35, 45, and 65 mph speed limit. 
All significant variables in model A were retained in model B. Additionally, ‘sum of 
roadway segment lengths with 55 mph speed limit’ was found to be significant in 
model B. For peak hour crashes (Model C) had similar variables as Model A 
except ‘sum of roadway segment lengths with 45 mph speed limit’ were not found 
significant at the 95% confidence level. Model D had only four significant 
independent regressors: number of intersections per TAZ, log of total trip 
productions, log of total trip attractions, and sum of roadway segment lengths 




Table 5: NB Models of Total Crashes, Severe Crashes, Peak-hour Crashes and Pedestrian and Bicycle-
related Crashes with Trip-related Predictors Only. 
Variables 











Crash (Model D) 
Estimate S. E.   Estimate S. E.   Estimate S. E.   Estimate S. E. 
Intercept 3.3661 0.0466  1.1714 0.0462  2.0335 0.0436  0.1118 0.0709 
HBWA -0.0005 0.0001  -0.0004 0.0001  -0.0005 0.0001  -0.0004 0.0001 
HBWP           0.0004 0.0001      
HBSHA 0.0001 0  0.0001 0  0.0006 0.0001      
HBSRA           -0.0009 0.0002      
HBSRP -0.0078 0.0012       -0.0064 0.0009  -0.0122 0.0016 
HBSCP 0.0008 0.0002                
HBOA           -0.0003 0.0001      
HBOP 0.005 0.0009       0.0044 0.0007  0.0084 0.0012 
LTRKP 0.002 0.0008  0.0022 0.0002       0.0032 0.001 
HTRKP -0.001 0.0004  -0.0011 0.0004       -0.0026 0.0009 
EIA 0.0091 0.0032  0.0054 0.0025  0.0137 0.0019      
AIRPP 0.011 0.0016       0.0069 0.0013  0.0158 0.0022 
COLP 0.0005 0.0002            0.0009 0.0004 
NHBWP                0.0008 0.0002 
α 0.9608  0.8646  0.6634  1.5448 
logL(Intercept model) 265585.71  7497.97  33239.06  1499.53 
logL(Full model) 265748.88  7603.84  33402.56  1627.37 
Deviance Value/DF 1.164  1.1366  1.0738  1.03 
Pearson Chi-Square 
Value/DF 
1.211   1.0962   1.2167   1.0123 
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Table 6: NB Models of Total Crashes, Severe Crashes, Peak-hour Crashes and Pedestrian and Bicycle-













Crash (Model D) 
Estimate S. E.   Estimate S. E.   Estimate S. E.   Estimate S. E. 
Intercept 1.4541 0.1607  -0.9455 0.1903  0.2019 0.1747  -3.7349 0.323 
logtp 0.1035 0.0335  0.2196 0.0351  0.1161 0.0329  0.4131 0.054 
logta 0.2218 0.0257  0.1135 0.0278  0.1863 0.0256  0.1661 0.0408 
α 0.963  0.8577  0.7258  1.5825 
logL(Intercept model) 265585.71  7497.97  33239.06  1499.53 
logL(Full model) 264869.66  7616.1565  33276.37  1627.2998 
Deviance Value/DF 1.1542  1.134  1.0815  1.0305 
Pearson Chi-Square 
Value/DF 





Table 7: NB Models of Total Crashes, Severe Crashes, Peak-hour Crashes and Pedestrian and Bicycle-













Crash (Model D) 
Estimate S. E.   Estimate S. E.   Estimate S. E.   Estimate S. E. 
Intercept 3.2512 0.0496  0.9522 0.0507  2.0908 0.0464  0.33 0.0729 
seglen25 -0.0112 0.0025       -0.0082 0.0021      
seglen35 0.0539 0.0241  0.1205 0.0219       -0.0598 0.0297 
seglen45 0.2956 0.0824  0.2527 0.0704  0.1394 0.0702      
seglen55      0.1019 0.0435           
seglen65 0.2852 0.0496  0.2386 0.044  0.1817 0.0455      
Intersection 0.0452 0.0031  0.0304 0.003  0.036 0.0027  0.048 0.0044 
α 0.9399  0.8021  0.7193  1.8179 
logL(Intercept model) 265585.71  7497.97  33239.06  1499.53 
logL(Full model) 265765.97  7646.6  33355.04  1567.3662 
Deviance Value/DF 1.1574  1.128  1.0745  1.0181 
Pearson Chi-Square 
Value/DF 





Table 8: Models of Total Crashes, Severe Crashes, Peak-hour Crashes and Pedestrian and Bicycle-related 













Crash (Model D) 
Estimate S. E.   Estimate S. E.   Estimate S. E.   Estimate S. E. 
Intercept 0.9755 0.1476  -1.3272 0.1881  -0.099 0.169  -3.672 0.314 
seglen25 -0.014 0.002  -0.011 0.0026  -0.0112 0.0019      
seglen35 0.0599 0.0212  0.1381 0.0217  0.1762 0.0654  -0.1124 0.0257 
seglen45 0.3408 0.0755  0.3093 0.0644           
seglen55      0.1722 0.0432           
seglen65 0.3413 0.046  0.2616 0.0402  0.2171 0.042      
Intersection 0.0336 0.0029  0.0191 0.0028  0.0279 0.0025  0.0365 0.004 
logtp 0.125 0.0296  0.224 0.0341  0.144 0.0317  0.421 0.0522 
logta 0.1815 0.023  0.0867 0.0257  0.1436 0.0242  0.1012 0.0393 
α 0.7651  0.6582  0.6105  1.4044 
logL(Intercept model) 265585.71  7497.97  33239.06  1499.53 
logL(Full model) 265040.86  7746.89  33379.04  1673.87 
Deviance Value/DF 1.1406  1.1309  1.0697  1.0309 
Pearson Chi-Square 
Value/DF 
1.2615   1.045   1.3443   1.0729 
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Discussion of Results 
The main objective in analyzing various trip related variables and road 
characteristics was to examine their association with total crashes, severe 
crashes, crashes during peak hours, and pedestrian and bicycle related crashes 
at the TAZ level. Initially eight roadway related variables and thirty trip related 
variables were tested. The analyses using these variables were threefold. Each 
response variable was tested separately with various trip productions and 
attractions, road characteristics, and finally attempting all variables into one 
model. Each model is discussed separately in the following sections.  
Total Crash Models 
Total crash model (Model A) retained ten independent variables while assessing 
the association with trip related variables only (Table 5). No non-home based 
trips were found significant at 95% confidence level. The total crash trip only 
model (Table 5) showed negative association with the home based work 
attractions, home based social recreational productions, and heavy truck 
productions. The signs for home based work attractions and home based social 
recreational productions may be explained by the positive attitude toward driving 
in such circumstances because people driving from home to work most often are 
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relaxed and suffer relatively less mental pressure as opposed to home based 
work productions. Also for the social recreational trips people often drive with 
their family and/or children and are usually more careful in such conditions. The 
second model for total crashes was developed using the total trip productions 
and total trip attractions only (Table 6). This model provided a better model fit 
than the first model based on the log-likelihood and deviance value per degrees 
of freedom (DF). As mentioned previously logarithmic transformation of total trip 
productions and attractions were used. Both covariates were positively 
associated with the number of total crashes per TAZ. This result conforms to the 
hypothesis that high exposure will tend to increase the total number of crashes. 
Hadayeghi et al. (2003) found similar association between vehicle kilometers 
traveled (VKT) and total crashes per TAZ in the city of Toronto. Also, the positive 
estimate for VMT was found by Karlaftis and Tarko (1998) while investigating 
significant variables for crashes involving aged drivers in the counties of Indiana. 
Similar to trip generations both VKT and VMT are measures of exposure. The 
third model was developed considering road related predictors only (Table 7). 
Five variables were found significant among which sum of roadway segment 
length with 25 mph posted speed limit was found to be negatively associated with 
total crashes. On the contrary, the total segment length with higher posted speed 
limits (35, 45, and 65 mph) and total number of intersections per TAZ were found 
to be positively associated with total crashes. The association between higher 
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speed and crash propensity has been well recognized in road safety studies 
(Taylor et al., 2000; Kloeden et al., 2002; Elvik et al., 2004; Aarts and Schagen, 
2006). Intersections can also suffer an increase in certain type of crashes, 
particularly rear-end. In general crashes may increase at intersections due to the 
complicated maneuvers, and therefore higher number of intersections within a 
TAZ could lead to increase in total crashes. Finally total crashes were tested for 
all variables (both trip and road related predictors) and model estimates were 
provided in Table 8. Among the seven significant variables five belonged to 
roadway characteristics and the other two were log of total trip productions and 
log of total trip attractions. Interestingly the five significant roadway variables 
were the same as the third model (in Table 7) which was developed for the road 
related predictors only and the direction of their respective estimates were same 
in both models. Log of total trip productions and log of total trip attractions were 
positively associated with the total number of crashes per TAZ. It is 
understandable that the total number of trip productions and attractions are 
measures of exposure and high exposure will lead to higher possibilities of crash 
occurrences. The model for total crashes exhausting all sets of variables 
provided relatively better fit as compared to the third model (in Table 7) using 
only road related predictors to estimate total crashes per TAZ. However, the 
improvement was less than 1% as the loglikelihood for the full model shifted from 
265,765.97 (in Table 7, Model A) to 265,040.86 (in Table 8, Model A). 
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Severe Crash Models 
Model B was developed considering severe crashes (fatal and severe injury 
crashes) as the response variable. Trip only model (Table 5) for severe crashes 
retained five significant variables among which home based work attractions and 
heavy truck productions were negatively associated with the increase in severe 
crashes. Perhaps people drive more carefully to work resulting in lower amount 
of severe crashes. It is also mostly congested period and thus speeds are low in 
general. Heavy vehicle drivers are usually skilled drivers and are professionally 
trained to cope with unexpected situations in road-traffic environment which may 
be an explanation towards decreasing the number of severe crashes. Total trip 
production and attraction model for severe crashes (Table 6) provided almost 
similar goodness of fits as compared to the trip only model (in Table 5). The log-
likelihood, deviance value/DF and Pearson chi-square value/DF for total trip 
severe crash model (Table 6) was slightly greater than those of trip only model 
for severe crashes (Table 5). Severe crash model with the road related predictors 
(Table 7) had five significant variables at 95% confidence level. Sum of roadway 
lengths with 35, 45, 55, and 65 mph speed limits were positively associated with 
severe crashes. This is theoretically acceptable as higher speed tend to influence 
more severe crashes as previously mentioned. The total number of intersections 
per TAZ also had positive estimate, however the estimated value (0.0304) was 
less than that of (0.0452) total crash road only model (Model A in Table 7). The 
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severe crash model using all predictors (road and trip related variables) retained 
eight significant variables out of which only sum of roadway length with 25 mph 
speed limit had negative estimate. This means that the increase in roadways with 
25 mph posted speed would reduce the number of severe crashes within a TAZ. 
This is easily explained because severe crashes are less likely to occur at 
reduced speeds. Also similar to the third model (road only model in Table 6) the 
coefficient estimate for the total number of intersections within a TAZ was less 
(0.0191) than that of (0.093) total crash model. This indicates that number of 
intersections has less effect on severe crashes as compared to the total crashes. 
Peak Hour Crash Models 
Peak hour crash model (Model C) presented in Table 5 revealed that home 
based work attraction, home based social recreational productions and 
attractions had negative estimates. The suspected effects of home based work 
attraction and home based social recreational productions have been previously 
explained. The coefficient for the home based work productions, external internal 
attractions and airport productions were positive and significant. Perhaps 
festinated attitude to reach the destination generates such positive correlations. 
Airport trip could also be related to non familiar travelers (rental cars). Home 
based other trip attractions and productions retained in the model with opposite 
signs in their estimates. Theoretical explanation for such cases is difficult at the 
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macro level crash analysis. For the combined model (Table 8) of peak hour 
crashes six variables were found significant at 95% confidence level among 
which only sum of roadway length with 25 mph posted speed limit had negative 
estimate. Similar to model B sum of roadway lengths with posted speed limits of 
35 and 65 mph were positively associated with peak hour crashes. Interestingly 
the peak hour crash model with road related predictors (Table 7) also had the 
sum of roadway length with 25 mph posted speed limit estimate to be negatively 
associated with the peak hour crash frequency. The other three significant 
variables of the road only model were the sum of roadway length with 45 and 65 
mph posted speed limit, and total number of intersections per TAZ, all with 
positive signs. The hasty attitude of commuters to avoid peak hour congestions 
or to reach home and/or work places early/in time is one of the inherent 
characteristics of peak hour driving. This may increase crashes at or near 
intersections and in high speed (e.g., ≥ 45 mph) roads. 
Pedestrian and Bicycle Related Crash Models 
Pedestrian and bicycle related crash models (Model D) developed considering 
trip related variables only (in Table 5) provided similar goodness of fits as model 
D in Table 6 (i.e., total trip productions and attractions model). Only two 
independent variables- total roadway segment length with 35 mph speed limit 
and total number of intersections per TAZ were significant in the pedestrian and 
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bicycle crash model developed for road predictors only (in Table 7). Total 
roadway segment length with 35 mph speed limit was negatively associated 
whereas the estimate of ‘total number of intersections per TAZ’ was positive and 
the highest among the four models (Table 7) which indicates that pedestrian and 
bicyclists tend to be more involved in crashes at or near intersections. 
Wedagama et al. (2006) found statistically significant positive association 
between intersection density and pedestrian casualties for most of the cases of 
working hour/non-working hour casualties. Also they (Wedagama et al., 2006) 
found significant positive association between intersection density and bicycle 
casualties for adults (17 years and above) in the city center zone during non-
working hours. Combined effect model (in Table 8) for pedestrian and bicycle 
related crashes had three significant positive predictors- log of total trip 
productions, log of total trip attractions and number of intersection per TAZ; while 
the total roadway length with 35 mph speed limit being negatively associated with 
pedestrian and bicycle related crashes as previously found in Table 7. 
 
This research investigated the above mentioned models developed in four 
different categories to assess the association of various groups of covariates in 
predicting crash frequencies. It was found that the total crash model (Model A) 
and peak hour crash model (Model C) were best described by the total trip 
productions and total trip attractions (in Table 6). On the basis of log-likelihoods, 
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deviance value/DF, and Pearson Chi-square value/DF the severe crash model 
was best fit by the trip related variables only (in Table 5) and pedestrian and 
bicycle related crash model was best fit by the road related variables only (in 
Table 7). Few variable estimates were difficult to explain from theoretical 
expectations. However, it is speculated that several unmeasured factors in the 
aggregate level analysis might play some unobserved role. It is thought that 
these models are appropriate to capture future number of crashes as trips 
themselves are the most direct measures of exposure as compared to the 
vehicle miles traveled (VMT) and traffic flow which are consequences of the trip 
generation. 
Analysis of Clustered Traffic Analysis Zones 
The total traffic analysis zones (1349 nos.) considered in this study were 
clustered into three different categories based on total trip generations per day 
per TAZ. The clustering were performed to improve the homogeneity within a 
cluster and to minimize heterogeneity from the joint model. It was hypothesized 
that the models for clustered TAZs will have a better fit as compared to the joint 
models. 
 
The modeling process was performed to develop the possible best models with 
responses of total crashes, severe crashes, crashes during peak hours of the 
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days, and pedestrian and bicycle related crashes for each separate set of 
predictors. The process was repeated for less-tripped (cluster-1), moderately-
tripped (cluster-2), and highly-tripped (cluster-3) TAZs. These models are 
included in the appendix. 
 
Once individual best possible models for each cluster were found, the next step 
was to compare the superiority of the model fits for the clusters. Having this in 
mind, models were fitted again for the clusters but now with the previously found 
significant predictors from the joint models (predictors from Tables 5 through 8). 
Alkaike’s Information Criterion (AIC) values were used to compare between 
these two broad sets of models- i) models which were developed for the clusters 
for various sets of predictors, and ii) models developed for the clusters using the 
significant sets of predictors previously found from the joint models. Table 9 































Models with total crash as the response 





 6594.8 6596.8  3603.9 NA 
All Predictors  2542.3 2540.3  6556.2 6558.2  3582.8 3582.2 
Models with severe crash as the response 
Trip related Only  1479.6 1502.5  3669.4 3671.7  2113.2 2120.9 
Road related 
Only 
 1421.3 NA  3578.9 3580.5  2113.3 2141.1 
All Predictors  1348.7 1350.4  3557.3 NA  2089.3 2092.6 
Models with peak hour crash as the response 
Trip related Only  1423.9 1440.9  4427.1 4442.8  2639.5 2645.2 
Road related 
Only 
 1402.2 1403.1   4455.5 4453.9  2643.1 2646.5 
All Predictors  1402.2 NA  4411.9 4412.0  2617.9 2619.4 
Models with pedestrian and bicycle crash as the response 
Trip related Only  746.4 748.5  2767.5 2769.6  1678.3 1678.4 
Road related 
Only 
 749.5 752.7  2805.4 2805.4  1702.4 1703.6 
All Predictors  728.3 728.8  2775.6 NA  1672.8 1684.6 
1





It can be clearly observed that the differences of AIC values for a particular 
cluster and joint model are small although the cluster models had different sets of 
predictors as compared to the joint models. Therefore, the null hypothesis was 
rejected and was concluded that clustering of the TAZs based on trip generations 
had not produced significant improvement in model performances. Clustering 
depending on other characteristics may be further recommended for greater 




CHAPTER SEVEN: CONCLUSIONS 
 
 
Incorporating roadway safety in transportation planning has been considered 
during the past few years in transportation research. Aggregate level analysis for 
predicting crash frequencies had been contemplated to be an important step in 
this process. As seen from the previous studies various categories of predictors 
at macro level (census blocks, TAZs, census tracts, wards, and counties) have 
been exhausted to find appropriate correlation with crashes. This study 
contributes to this ongoing macro level road safety research by investigating 
various trip productions and attractions along with roadway characteristics within 
a TAZ. One thousand three hundred and forty-nine TAZs from the four counties 
of the state of Florida were considered for building the analytical database for 
several sets of independent variables including various types of aggregated 
crashes occurring in year 2005 and 2006. The counties examined in this study 
were Hillsborough, Citrus, Pasco, and Hernando which were representative of 
both urban and rural environments. 
 
The spatial distributions of crashes were not uniform, however. It was found that 
Hillsborough County had relatively higher number of total crashes and peak 
period crashes possibly due to being more urban in nature as compare to other 
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three counties. To understand the prevalence of various trip attraction and 
production rates per TAZ the Euclidian distances between the centroid of a TAZ 
containing a particular crash and the centroid of the ZIP area containing the at-
fault driver’s home address for that particular crash was calculated. It was found 
that almost all crashes in Hernando and Citrus County for year 2005-2006 took 
place in about 27 miles of radius centering at at-fault drivers’ home. Also almost 
sixty-two percent of crashes occurred approximately at a distance between two 
to ten miles from the homes of drivers who were at fault in those crashes.  
 
Previous similar studies have not explicitly considered trip data as explanatory 
variables. Also, it is thought that the models developed in this study are apt to 
capture the future number of crashes as trips themselves are the most direct 
measure of exposure as compared to the vehicle miles traveled (VMT) and traffic 
flow which are consequences of trip generation. 
 
Negative binomial models were developed for four different response variables- 
total crashes, severe (fatal and severe injury) crashes, total crashes during peak 
hours, and pedestrian and bicycle related crashes. For each response separate 
models were estimated using four different sets of predictors which are i) various 
trip variables, ii) total trip production and total trip attraction, iii) road 
characteristics, and iv) finally considering all predictors into the model. 
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The analyses results revealed that total trip productions and total trip attractions 
provide better model fit for the total and peak hour crashes. On the other hand 
severe crashes were best associated with different trip related variables whereas 
pedestrian and bicycle related crash model was best described by the roadway 
characteristics of a TAZ. This is a significant conclusion that might indicate that 
different approaches to zonal level analysis should be considered based on the 
type or severity of crashes being estimated. The significant trip related variables 
in the severe crash models were home-based work attractions, home-based 
shop attractions, light truck productions, heavy truck productions, and external 
internal attractions. Only two variables- sum of roadway segment lengths with 35 
mph speed limit and number of intersections per TAZ were found significant for 
pedestrian and bicycle related crash model developed using road characteristics 
only. 
 
It is worth stressing that trip data are the most direct measure of exposure, and 
therefore it is expected that the models developed in this study are appropriate 
for predicting future crash frequencies. However, a few signs of the variable 
estimates for aggregate level models were difficult to explain. This particular 
issue has previously been reflected in road safety literatures, e.g., Guevara et al. 
(2004) argued that for the data aggregated to the TAZ level a theoretically 
defensible fatal crash model is proved to be most difficult to find. The models 
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developed in this study are aimed at safety predictions at the transportation 
planning stage, so that proactive measures may be taken into account based on 
the study findings. Also, at the transportation planning stage if TAZs are to be 
defined based on travel demand models, this study results point to different 
approaches when predicting crashes at the zonal level.  It is speculated that 
predicting crash frequencies using trip types will help in incorporating the safety 
perspective at an early stage of transportation planning. 
 
The 1349 TAZs were grouped into three different clusters based on the quartile 
distribution of the trip generations and were termed as less-tripped, moderately-
tripped, and highly-tripped TAZs. It was hypothesized that separate models 
developed for these clusters would provide a better fit as the clustering process 
increases the homogeneity within a cluster. The cluster models were re-run using 
the significant predictors attained from the joint models and were compared with 
the previous sets of models. However, the differences in the model fits (in terms 
of AIC values) were not significant. 
 
 Future research might   look into relationships, if any, between the distance of a 










Models developed for less-tripped, moderately-tripped and highly-tripped TAZs 
have been included in this Appendix. These models were developed for four 
different responses considering various categories of predictiors. Tables 10 
through 13 below show significant predictors for total crashes in different groups 




Table 10: NB Models of Total Crashes per TAZ for Different TAZ-clusters 











Estimate S. E.   Estimate S. E.   Estimate S. E. 





HBWP 0.0167 0.0036 
    
0.0001 0.0001 






   
0.0043 0.0009 
   
HBSHA 
      
0.0003 0.0001 
HBSRP 





      
-0.0005 0.0002 
HBSCP -0.0262 0.01 
 
0.0021 0.0004 
   
HBOP -0.0139 0.0021 
    
0.0013 0.0005 
HBOA 
      
-0.0003 0.0001 
NHBWP 
   
-0.0038 0.0009 
   
NHBOP 





   
0.0036 0.001 
   










TAXIP 0.4818 0.0773 
      
AIRPP -0.0851 0.0138 
 
0.007 0.0016 
   
COLP -0.0112 0.005 




































Table 11: NB Models of Total Crashes per TAZ for Different TAZ-clusters 











Estimate S. E.   Estimate S. E.   Estimate S. E. 











































Table 12: NB Models of Total Crashes per TAZ for Different TAZ-clusters 











Estimate S. E.   Estimate S. E.   Estimate S. E. 










seglen35 0.1342 0.0619 
    
0.0783 0.0331 










































AIC (for model using 













Table 13: NB Models of Total Crashes per TAZ for Different TAZ-clusters 











Estimate S. E.   Estimate S. E.   Estimate S. E. 










seglen35 0.1591 0.0612 
      




















logta 0.132 0.0376 
 
0.2583 0.0454 




























AIC (for model using 











Tables 14 through 17 below show significant predictors for severe crashes in 
different groups of TAZs for various sets of predictors. 
 
Table 14: NB Models of Severe Crashes per TAZ for Different TAZ-clusters 











Estimate S. E.   Estimate S. E.   Estimate S. E. 





HBWP 0.0088 0.002 
      
HBWA 















   
-0.006 0.0024 
   
HBSCP -0.0218 0.0057 
 
0.0022 0.0006 
   
HBOP 




LTRKP 0.0593 0.0129 
 
0.0034 0.0008 
   
HTRKP -0.0413 0.0134 
      
EIA -0.1065 0.0282 
      
TAXIP 
      
0.0173 0.0054 
COLA 





























AIC (for model using 











Table 15: NB Models of Severe Crashes per TAZ for Different TAZ-clusters 











Estimate S. E.   Estimate S. E.   Estimate S. E. 











































Table 16: NB Models of Severe Crashes per TAZ for Different TAZ-clusters 











Estimate S. E.   Estimate S. E.   Estimate S. E. 






   
-0.0069 0.0034 
   





seglen45 0.3279 0.1233 
 
0.3131 0.1012 
   
seglen55 0.2451 0.0883 
 
0.1559 0.0524 
   





































AIC (for model using 













Table 17: NB Models of Severe Crashes per TAZ for Different TAZ-clusters 











Estimate S. E.   Estimate S. E.   Estimate S. E. 















seglen45 0.335 0.1172 
 
0.3487 0.1021 
   
seglen55 0.233 0.0854 
 
0.1564 0.0514 
   















logta 0.1574 0.0427 
 
0.1025 0.05 




























AIC (for model using 














Tables 18 through 21 below show significant predictors for crashes during peak 
hours in different groups of TAZs for various sets of predictors. 
 
Table 18: NB Models of Peak Hours Crashes per TAZ for Different TAZ-











Estimate S. E.   Estimate S. E.   Estimate S. E. 





HBWP 0.0133 0.0028 
    
0.0003 0.0001 






   
0.0041 0.0009 
   
HBSHA 0.014 0.0033 
    
0.0003 0.0001 





HBSRA -0.0249 0.0056 
    
-0.0007 0.0002 
HBSCP -0.0267 0.0078 
 
0.0021 0.0004 
   
HBOP 
      
0.0014 0.0005 
HBOA 
      
-0.0003 0.0001 
NHBWP 
   
-0.0037 0.0009 
   






   
0.002 0.001 
   
EIA 
   
0.044 0.0073 
   
TAXIP 0.2092 0.0494 
    
0.0162 0.005 
AIRPP -0.0487 0.0088 
 
0.0063 0.0016 




























AIC (for model using 










Table 19: NB Models of Peak Hours Crashes per TAZ for Different TAZ 











Estimate S. E.   Estimate S. E.   Estimate S. E. 











































Table 20: NB Models of Peak Hours Crashes per TAZ for Different TAZ-











Estimate S. E.   Estimate S. E.   Estimate S. E. 











      
0.0796 0.0359 
seglen45 
      
0.4019 0.1356 
seglen65 0.2563 0.0801 
 
0.2614 0.0583 
   
































AIC (for model using 










Table 21: NB Models of Peak Hours Crashes per TAZ for Different TAZ-













Estimate S. E.   Estimate S. E.   Estimate S. E. 















seglen65 0.2563 0.0801 
 
0.237 0.0576 
   











   
0.2622 0.0456 




























AIC (for model using 














Tables 22 through 25 below show significant predictors for pedestrian and 
bicycle related crashes in different groups of TAZs for various sets of predictors. 
 
Table 22: NB Models of Pedestrian and Bicycle Related Crashes per TAZ 











Estimate S. E.   Estimate S. E.   Estimate S. E. 





HBWP 0.0032 0.0016 
      
HBWA 




HBSHP -0.0397 0.0103 
    
-0.0049 0.001 
HBSHA 
      
0.0007 0.0002 
HBSRP 
   
-0.0125 0.0023 
   
HBSRA 
      
-0.0009 0.0004 






      
-0.0005 0.0002 
NHBWP 
      
0.0007 0.0003 






   
-0.004 0.0012 
   
TAXIP 0.4613 0.1074 
    
0.0541 0.0105 
AIRPP 




COLP -0.0243 0.0108 








































Table 23: NB Models of Pedestrian and Bicycle Related Crashes per TAZ 











Estimate S. E.   Estimate S. E.   Estimate S. E. 











































Table 24: NB Models of Pedestrian and Bicycle Related Crashes per TAZ 











Estimate S. E.   Estimate S. E.   Estimate S. E. 





seglen25 -0.0483 0.0218 
      
seglen35 
   
-0.0961 0.033 
   
































AIC (for model using 










Table 25: NB Models of Pedestrian and Bicycle Related Crashes per TAZ 











Estimate S. E.   Estimate S. E.   Estimate S. E. 





seglen25 -0.0689 0.0224 
    
-0.0264 0.0059 
seglen35 
   
-0.1125 0.0323 
   











   
0.1879 0.0743 




























AIC (for model using 















LIST OF REFERENCES 
 
Aarts, L., and I. V. Schagen. Driving Speed and the Risk of Road Crashes: A 
Review. Accident Analysis and Prevention 38, 2006, pp. 215-224. 
Aguero-Valverde, J., and P. P. Jovanis. Spatial Analysis of Fatal and Injury 
Crashes in Pennsylvania. Accident Analysis and Prevention 38, 2006, pp. 
618-625. 
Amoros, E., and L. M. Laumon. Comparison of Road Crashes Incidence and 
Severity Between Some French Counties. Accident Analysis and 
Prevention 35, 2003, pp. 537-547. 
ArcMap, Version 9.2, Environmental Systems Research Institute (ESRI) Inc. 
De Guevara, F. L., Washington, S. P., and J. Oh. Forecasting Crashes at the 
Planning Level: Simultaneous Negative Binomial Crash Model Applied in 
Tucson, Arizona. In Transportation Research Record: Journal of the 
Transportation Research Board, No. 1897, Transportation Research 
Board of the National Academics, Washington, D.C., 2004, pp. 191-199. 
Dean, C., and Lawless, J.F. (1989), Tests for detecting overdispersion in poisson 
regression models, Journal of the American Statistical Association, 84 
(406), pp. 467-472. 
Elvik, R., Christensen, P., and A. Amundsen. Speed and road accidents. An 
evaluation of the Power Model. TØI report 740/2004. Institute of Transport 
Economics TOI, Oslo, 2004. 
Florida Department of Transportation, Phased Implementation of a Multimodal 
Activity-Based Travel Demand Modeling System in Florida. 
http://www.dot.state.fl.us/research-
Center/Completed_Proj/Summary_PTO/FDOT_BA496.pdf. Accessed 
October 26,  2009. 
Hadayeghi, A., Shalaby, A. S., and B. N. Persaud. Macrolevel Accident 
Prediction Models for Evaluating Safety of Urban Transportation Systems. 
In Transportation Research Record: Journal of the Transportation 
Research Board, No. 1840, Transportation Research Board of the 
National Academics, Washington, D.C., 2003, pp. 87-95. 
82 
 
Hadayeghi, A., Shalaby, A. S., Persaud, B. N., and C. Cheung. Temporal 
Transferability and Updating of Zonal Level Accident Prediction Models, 
Accident Analysis and Prevention 38, 2006, pp. 579-589. 
Harwood, D. W., Council, F. M., Hauer, E., Hghes, W. E., and A. Vogt. Prediction 
of the expected safety performance of rural two-lane roads. FHWA-RD-99-
207, U.S. Department of Transportation, 2000. 
Hauer, E., Ng, J C. N., and J. Lovell. Estimation of Safety at Signalized 
Intersections. In Transportation Research Record: Journal of the 
Transportation Research Board, No. 1185, Transportation Research 
Board of the National Academics, Washington, D.C., 1988, pp. 48-61. 
Karlaftis, M. G., and A. P. Tarko. Heterogeneity Considerations in Accident 
Modeling. Accident Analysis and Prediction 30, 1998, pp. 425-433. 
Kloeden, C. N., McLean, A. J., and G. Glonek. Reanalysis of Travelling Speed 
and the Rate of Crash Involvement in Adelaide South Australia. Report 
No. CR 207. Australian Transport Safety Bureau ATSB, Civic Square, 
ACT, 2002. 
Kononov, J., and B. K. Allery. Explicit Consideration of Safety in Transportation 
Planning and Project Scoping. In Transportation Research Record: 
Journal of the Transportation Research Board, No. 1897, Transportation 
Research Board of the National Academics, Washington, D.C., 2004, pp. 
116-125. 
Levine, N., Kim, K. E., and L. H. Nitz. Spatial Analysis of Honolulu Motor Vehicle 
Crashes: II. Zonal Generators. Accident Analysis and Prevention 27 (5), 
1995, pp. 675-685. 
Miaou, S-P. The Relationship between Truck Accidents and Geometric Design of 
Road Sections: Poisson Verses Negative Binomial Regressions. Accident 
Analysis and Prevention 26 (4), 1994, pp. 471-482. 
Miller, H. J. and S.-L. Shaw. Geographic Information System for Transportation, 
Principles and Applications, Oxford University Press, 2001. 
Noland, R. B. Traffic Fatalities and Injuries: The Effect of Changes in 
Infrastructure and Other Trends. Accident Analysis and Prevention 35, 
2003, pp. 599-611. 
83 
 
Noland, R. B., and L. Oh. The Effect of Infrastructure and Demographic Change 
on Traffic-related Fatalities and Crashes: A Case Study of Illinois County-
level Data. Accident Analysis and Prevention 36, 2004, pp. 525-532. 
Noland, R. B., and M. A. A. Quddus. Spatially Disaggregate Analysis of Road 
Casualties in England. Accident Analysis and Prevention 36, 2004, pp. 
973-984. 
Oh, J., Lyon, C., Washington, S., Persaud, B., and J. Bared. Validation of FHWA 
Crash Models for Rural Intersections: Lessons Learned. In Transportation 
Research Record: Journal of the Transportation Research Board, No. 
1401, Transportation Research Board of the National Academics, 
Washington, D.C., 2003, pp. 41-49. 
Persaud, B., and L. Dzbik. Accident Prediction Models for Freeways. In 
Transportation Research Record: Journal of the Transportation Research 
Board, No. 1401, Transportation Research Board of the National 
Academics, Washington, D.C., 1993, pp. 55-60. 
Peters, A. and H. MacDonald. Unblocking the Census with GIS, ESRI 
Publication, 2004. 
Quddus, M. A. Modelling Area-wide Count Outcomes with Spatial Correlation 
and Heterogeneity: An Analysis of London Crash Data. Accident Analysis 
and Prevention 40, 2008, pp. 1486-1497. 
SAFETEA-LU: Safe, Accountable, Flexible, Efficient Transportation Equity Act: A 
Legacy for Users, Federal Highway Administration (FHWA). 
www.fhwa.dot.gov/safetealu. Accessed July 9, 2009. 
SAS Software, Version 9.1.3 Service Pack 3, SAS Institute Inc., Cary, NC, USA. 
Taylor, M., Lynam, D.A. and A. Baruya. The Effect of Drivers’ Speed on the 
Frequency of Accidents. TRL Report TRL421. Transport Research 
Laboratory, Crowthorne, 2000. 
Traffic Data and Analysis Manual, Texas Department of Transportation. 
http://onlinemanuals.txdot.gov/txdotmanuals/tda/tda.pdf. Accessed 
October 26, 2009. 
U.S. Census Bureau. http://www.census.gov/geo/www/cob/tz_metadata.html. 
Accessed February 13, 2009. 
84 
 
Vogt, A., and Bared, J. G. (1998), Accident models for two-lane rural roads: 
Segments and intersections, Publication No. FHWA-RD-98-133, 
http://www.tfhrc.gov/safety/98133/index.html, Accessed August 31, 2009. 
Wedagama, D. M. P., Bird, R. N., and A. V. Metcalfe. The Influence of Urban 
Land-use on Non-motorised Transport Casualties. Accident Analysis and 
Prevention 38, 2006, pp. 1049-1057. 
Wang, X., and M. Abdel-Aty. Modeling Left-turn Crash Occurrence at Signalized 
Intersections by Conflicting Patterns. Accident Analysis and Prevention 
40, 2008, pp. 76-88. 
Washington, S., Schalkwyk, I. V., Mitra, S., Meyer, M., Dumbaugh, E., and M. 
Zoll. Incorporating safety into long-range transportation planning. NCHRP 
Report 546, Transportation Research Board of the National Academics, 
Washington, D.C., 2006. 
Wier, M., Weintraub, J., Humphreys, E. H., Seto, E. and R. Bhatia. An Area-level 
Model of Vehicle-Pedestrian Injury Collisions with Implications for Land 
Use and Transportation Planning. Accident Analysis and Prevention 41, 
2009, pp. 137-145. 
You, J., Nedović-Budić, Z., and T. J. Kim. A GIS-based Traffic Analysis Zone 
Design: Technique. Transportation Planning and Technology, Vol. 21, 
1997, pp. 45-68. 
 
